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(57) ABSTRACT 

Model adaptation may be performed to take a general model 
trained With a set of training data (possibly large), and adapt 
the model using a set of domain-speci?c training data (pos 
sibly small). The parameters, structure, or con?guration of a 
model trained in one domain (called the background domain) 
may be adapted to a different domain (called the adaptation 
domain), for Which there may be a limited amount of training 
data. The adaption may be performed using the Boosting 
Algorithm to select an optimal basis function that optimizes a 
measure of error of the model as it is being iteratively re?ned, 
i.e., adapted. 
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1 Let F0(x) be the background ranking model 

2 For = 1 tOM do: ' { ________________________ __(compute the residual of the current base 
3 311- =yl-—Fmi1(Xl-),f0rz=1...N mOdeD 

N . . . 

4 (hmlgm) = argminz [yl' _ ?lming --------------- --(select the optimal basis function) 
h'? ‘:1 ______________ ‘_(_update the base model by adding 

5 Fm(X) = Fm-1(X) + 5mh(X)4 """""""""""" " the optimal basis function) 

The Boosting algorithm for ranking model adaptation 

FIG. 3 
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1 Let F0(x) be the background ranking model 
2 Form = 1 toMdo: 

3 Draw at random the subsample of features and the subsample of training data 
4 Compute residuals according to Equation (5) on the subsamples 

5 Select best hm (with its best coefficient ,8), according to Equations (6) and (7), on the 
subsamples 

6 Base model update Fm (X) = Fm_1(X) + UBmh(X) 
The stochastic Boosting algorithm for ranking model adaptation 

FIG. 4 
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1 Let F0(X) be the background ranking model 
2 Form = 1 toMdo: 

3 Draw at random the subsample of features and the subsample of training data 
4 Compute residuals according to Equation (5) on the subsamples 

Select top [features according to Equations (6) and (7), on the subsamples, and form 
5 hm = §=1 wjjj- = w - f , where w is a least squares solution of Aw = b, as in 

Equations (11) to (15) 
6 Base model update Fm (x) = Fm_1 (X) + uh(x) 

The stochastic Boosting algorithm for ranking model adaptation with local linear 
model fitting 

FIG. 5 
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BOOSTING ALGORITHM FOR RANKING 
MODEL ADAPTATION 

BACKGROUND 

[0001] In the ?eld of document or Web search, a basic goal 
is to rank documents matching a query according their com 
puted relevancy to the query. A common technique for rank 
ing documents is to use large sets of training data to train a 
statistical model o?lline, and then use the statistical model 
online to the help determine the relevancy of documents to 
queries submitted to a search engine. 
[0002] FIG. 1 shoWs an example of a search engine 100 
using a trained model 102. The model 102 is trained o?lline by 
passing labeled training data 104 to a trainer 106. The labeled 
training data is typically a set of documents With respective 
labels entered to represent human analysis of the documents. 
For example, labels may range in value from 0 to 4 (or 0 to l, 
or —1 to 1, etc.), to indicate a level of relevance that a human 
perceived a given document had for a given query. Often the 
training Will involve computing a vector of features for each 
document-query pair, and passing the vectors and their 
respective document relevance labels of the given query to the 
trainer 106 (each vector representing a same set of feature 
types, but With values varying from vector to vector according 
to the content of the respective document-query pairs). 
[0003] The trainer 106 analyZes the labeled training data 
104, perhaps in the form of many vector-label pairings, and 
builds a statistical model 102 that puts the collective knoWl 
edge of the training data 104 into a formithe model 102* 
that can be used to rank documents. There are many types of 
models that may be used, for example learning machines such 
as support vector machines and neural networks. In the 
example of FIG. 2, the model 102 is simply a linear model that 
computes Weights Wl- of the respective features. The model 
102 is then used by the search engine 100, along With a 
document index 108, to ?nd and rank documents 110 that 
match queries 112. The scores of the documents 110 are 
Wholly or partly derived from the model 102. In some cases, 
multiple models may be combined. HoWever, there are sev 
eral problems created by this general of?ine training 
approach. 
[0004] Often, a model must be completely retrained When 
the training data is augmented or altered, even if most of the 
original training data is unchanged. Also, it may be dif?cult to 
derive a model that is tailored for special search domains, 
such as language-speci?c searches, searches for particular 
types of information (e.g., proper names), to name a feW 
examples. 
[0005] Techniques to improve model training are discussed 
beloW. 

SUMMARY 

[0006] The folloWing summary is included only to intro 
duce some concepts discussed in the Detailed Description 
beloW. This summary is not comprehensive and is not 
intended to delineate the scope of the claimed subject matter, 
Which is set forth by the claims presented at the end. 
[0007] Model adaptation may be performed to take a gen 
eral model trained With a set of training data (possibly large), 
and adapt the general model using a set of domain-speci?c 
training data (possibly small). The parameters, structure, or 
con?guration of a model trained in one domain (called the 
background domain) may be adapted to a different domain 
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(called the adaptation domain), for Which there may be a 
limited amount of training data. The adaption may be per 
formed using the Boosting Algorithm to select an optimal 
basis function that optimiZes a measure of error of the model 
as it is being iteratively re?ned, i.e., adapted. 
[0008] Many of the attendant features Will be explained 
beloW With reference to the folloWing detailed description 
considered in connection With the accompanying draWings. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0009] The present description Will be better understood 
from the folloWing detailed description read in light of the 
accompanying draWings, Wherein like reference numerals are 
used to designate like parts in the accompanying description. 
[0010] FIG. 1 shoWs an example of a search engine using a 
trained model. 
[0011] FIG. 2 shoWs a general frameWork for model adap 
tation. 
[0012] FIG. 3 shoWs an algorithm for using the Boosting 
Algorithm for model adaptation. 
[0013] FIG. 4 shoWs another algorithm for model adapta 
tion using the Boosting Algorithm for model adaptation. 
[0014] FIG. 5 shoWs another use of the Boosting Algo 
rithm. 

DETAILED DESCRIPTION 

OvervieW 
[0015] Embodiments discussed beloW relate to model 
adaptation. For many trained ranking models, the quality of 
ranking depends largely upon the amount of labeled training 
data (i.e., human-judged query-url pairs). For some query 
domains, e.g. non-English queries or name queries, the 
amount of trained data may be small, and a model trained With 
such data may produce loW quality (inaccurate) rankings. 
[0016] Model adaptation may be performed to take a gen 
eral model trained With a large set of training data, and adapt 
the model using a small set of domain-speci?c training data. 
In other Words, the parameters, structure, or con?guration of 
a model trained in one domain (called the background 
domain) may be adapted to a different domain (called the 
adaptation domain), for Which there may be a limited amount 
of training data. In the ?eld of Web search, domains can be 
arbitrarily de?ned by factors such as language, dates, query 
segments/siZe, and so on. That is, documents/queries/labels 
in a domain may share a common trait such as being in a same 
language, or having a same feature (e.g., minimum length of 
query), or relating to a common topic (e.g., instruction manu 
als, restaurant revieWs, etc.), and so on. 
[0017] FIG. 2 shoWs a general frameWork for model adap 
tation. Labeled training data 130 is received by a trainer 132 
to generate background ranking model 134. The models and 
trainers may reside on one or more servers hosting or com 

municating With one or more search engine servers. The 
labeled training data 130, also called background training 
data, has pairings of background documents and background 
queries, and respective human-generated labels indicating 
human-perceived relevance of the background documents to 
the background queries. The background labeled training 
data 130 is not speci?c to any particular search domain, but 
rather may include documents and queries from arbitrary 
search domains (e.g., a random sampling of a general-pur 
pose search engine’s queries and matched documents). Dif 
ferent trainings per different training data may result in dif 
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ferent background models. In one embodiment, adaptation 
may be performed to adapt a domain-speci?c base model to a 
sub-domain of the domain. Furthermore, there is no require 
ment that a background model be adapted With domain-spe 
ci?c training data; the methods of adaption used herein may 
also be useful for other purposes and Will be able to adapt a 
model regardless of any domain (or lack thereof) of the adap 
tion training data. 
[0018] Model,- 134 and domain-speci?c labeled training 
data 136 are passed to an adaptive trainer, or trainer adaptor 
138, Which adapts the modell. 134 to form an adaptation model 
140 (also called an adaptation ranking model) speci?c to 
some adaptation domain. The trainer adaptor 138 may per 
form model adaptation using any of the techniques described 
beloW. The domain-speci?c labeled training data 136 
includes pairings of domain-speci?c documents and domain 
speci?c queries, and human-generated labels indicating 
human-perceived relevance of the domain-speci?c docu 
ments to the domain-speci?c queries. The adaptation model 
140 may then be used in a retrieval system (e.g., search 
engine) to help rank documents in its speci?c search/adapta 
tion domain. 

[0019] Not shoWn in FIG. 2 are feature extraction modules 
that analyZe document-query pairs and extract respective sets 
of features (feature vectors). Feature extraction and feature 
vectors are described in other available sources and are not 
described in detail herein. Nonetheless, it should be noted that 
features may include query-dependent features and query 
independent features; in general the features may be extracted 
from a doc-query pair. The training of a model usually Will 
involve passing a document-query pair’s feature vector and 
the document’s label (as Well as a paired query) to a model 
trainer. Feature extraction be performed in a pre-processing 
stage of a model trainer or it may be performed before the 
model trainer receives the training data. In any case, it should 
be understood that in some embodiments, the models are 
trained using feature extraction and feature vectors. Further 
more, mention of passing document-query pairs to a model 
trainer is considered to include cases Where document-query 
pairs are passed to a model trainer, and also cases Where 
feature vectors are passed to a model trainer; “document 
query pair” and “feature vector” are used synonymously With 
respect to model training. Additionally, consider that the 
embodiments described herein are generally compatible With 
the variety of knoWn training data pre-processing techniques, 
such as document cleaning, phrase substitution, and so on. 

[0020] Described beloW are techniques for model adapta 
tion using the Boo sting Algorithm. A background model may 
be adapted to a domain-speci?c adaptation model by using an 
iterative learning algorithm that applies the Boosting Algo 
rithm. The Boosting Algorithm itself is described in full detail 
elseWhere, but Will be explained herein as necessary. 
[0021] Generally, the learning algorithm may involve start 
ing With the background model, Which, in terms of the algo 
rithm, is referred to as the base model (initially the back 
ground model). With each iteration of the learning algorithm, 
a neW function is constructed to provide correction of esti 
mate ranking errors made by the base model. Error estimation 
Will be described further beloW. A neW base model is then 
formed by combining the base model and the neW function, 
for example, by linear interpolation. The learning algorithm 
continues until neW functions are deemed to no longer su?i 
ciently reduce the ranking errors. The ?nal model may be 

Jun. 17, 2010 

called an additive model because it is a linear combination of 
a sequence of elementary functions. 

[0022] The function mentioned above may be thought of as 
a neW type of feature, Where a ranking model is vieWed as a set 
of Wei ghted features. Then, With each iteration of the learning 
algorithm, a neW/re?ned ranking model (Which consists of 
only one feature4called the basis function) is constructed to 
correct errors of the current version of the base model (the 
model being re?ned/adapted). The base model is then 
updated by linearly interpolating the previous base model 
With the neWly constructed single-feature ranking model. 
[0023] The description of the model adaptation learning 
algorithm Will be described ?rst by revieWing Ways of mea 
suring Web search quality and also a ranking model that may 
be used in the learning algorithm. The Boosting Algorithm 
Will then be described in general and modi?cations Will be 
described in detail. Variations and enhancements of the leam 
ing algorithm Will then be discussed. 
[0024] Ranking Model and Quality Measure in Web Search 
[0025] As mentioned above, there are a variety of types of 
ranking models available for use. This section revieWs 
explains some aspects of the LambdaRank model. Detailed 
description of the model can be found elseWhere. Lamb 
daRank shares common elements With other ranking models 
and is a suitable example, although model adaption tech 
niques described herein may be used With other types of 
ranking models. 
[0026] LambdaRank is a neural-net ranker that maps a fea 
ture vector x (extracted from a document corresponding to a 
query-url pair) to a real y that indicates a relevance of the URL 
of the query according to the model as trained. This value y 
may also be called a relevance score (in practice, y may be a 
label). To explain further, a linear LambdaRank simply maps 
x to y With a learned Weight vector W such that yqvx. 

[0027] Of interest is the Way W is learned With Lamb 
daRank. Typically, W is optimiZed With respect to a cost 
function using gradient-based numerical methods, provided 
that the cost function is smooth and its gradient With respect 
to W can be readily computed. For the ranker to perform Well 
for a document retrieval system, it may help if the cost func 
tion used during training is the same or similar (as may be 
possible) to the measure used to assess the ?nal quality of the 
retrieval system. In the ?eld of Web search, the retrieval sys 
tem’s ?nal quality may be assessed via the NormaliZed Dis 
counted Cumulative Gain (N DCG). The NDCG is a cumula 
tive measure of ranking quality. For a query q, NDCG is 
computed as 

Where r(j) is the relevance level of the j’th document (i.e., 
URL), and Where the normaliZation constant N,- is chosen so 
that a perfect ordering Would result in NZ-II. Here, L is the 
ranking truncation level at Which NDCG is computed. The N. 
are then averaged over a query set. The NDCG is particularly 
Well suited to Web search applications because it is multilevel 
and because the truncation level can be chosen to re?ect hoW 
many documents are shoWn to the user. HoWever, in some 
cases NDCG may not serve Well as a cost function because it 

is not smooth and it is not differentiable, thus presenting an 
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obstacle to some optimization approaches that may use the 
gradient of the cost function (a gradient-using embodiment is 
described further below). 
[0028] This obstacle may be avoided, particularly When 
using LambdaRank, by using an implicit cost function Whose 
gradients are speci?ed by rules. Formally, the gradient of the 
cost function C With respect to the score s of the document at 

rank position j, s], for a query, may be Written as 

The sign is chosen so that positive kj means that the document 
must move up the ranked list to reduce the cost. If tWo relevant 

documents of a query are ranked at positions j l and j 2, and if 
j 2>>j 1, then a preferred implicit cost Will have the property 
that 

6C 

651-2 
(2) 

651-1 

[0029] As shoWn to Equation (2), choosing such an implicit 
cost function is equivalent to choosing suitable 7t], Which 
themselves are speci?ed by rules that depend on the ranked 
order (and scores) of all of the relevant documents. These 
choices are called 7t-functions. In vieW of proven acceptable 
performance of LambdaRank With certain 7t-functions 
intended for use as NDCG cost functions, it may be helpful to 
adapt ranking models in a Way that directly optimiZes their 
NDCG performance. 
[0030] A Gradient Boosting Algorithm for Ranking Model 
Adaptation 
[0031] The model adaptation method described next is 
based on variants of the Stochastic Gradient Boosting algo 
rithm (or the Boosting algorithm for short), Which Was 
described by Freidman (“Stochastic gradient boosting”, 
Technical report, Stanford University, 1999; and “Greedy 
function approximation: a gradient boosting machine”, 
Annals of Statistics 29(5), 2001). Friedman’s notations Will 
be used hereafter. The method can also be vieWed a special 
case of LambdaSMART, described by Wu, Burges, Svore and 
Gao (“Ranking, boo sting, and model adaptation”, MSR Tech 
Report, 2008) 
[0032] With the goal of adapting a background model (per 
haps trained on large amounts of background domain data) to 
a neW domain Where only a small amount of adaptation data 
is available, the folloWing may be assumed. Adaptation data 
(also called “training data”) consists of a set of input/output 
pairs {xl., yi}, for iIl . . . N, Where y is a human-assigned label 
or relevance score. For a Web search application, x may be a 

feature vector extracted from a query-url search pair. Assume 
approximately 2000 such features (the exact number may 
vary), including dynamic ranking features such as term fre 
quency and BM25, and static features such as page rank. 

[0033] To adjust the background model to a domain-spe 
ci?c model (F(x), mapping x to y) that minimiZes a loss 
function L(y, F(x)) over the training data 
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N (3) 
F* = argmaxp Z Loi. mi» 

[:1 

[0034] Further assume that F(x) takes the form of additive 
expansion as 

M (4) 

m) = 2 mm am). 

Where h(x; a) is called basis function, and is usually a simple 
parameteriZed function of the input x, characterized by 
parameters a (for discussion, h(x) Will be used in place of a). 
In practice, the form of h is restricted to a speci?c function 
family to alloW a practically e?icient method of model adap 
tation. Note that [3 is a real value coe?icient of the basis 
function, and F(x) has a form of model interpolation, With h 
functioning as a component model and [3 functioning as an 
interpolation Weight. 
[0035] FIG. 3 shoWs an algorithm 160 for using the Boost 
ing Algorithm for model adaptation. The Boosting Algorithm 
adapts a background model to a neW domain-speci?c model 
F(x) based on training data in a forWard stage-Wise manner; 
the algorithm tries to add a neW function (forward), and tries 
to not remove an existing function (backWard), and at each 
step, the algorithm may add only one neW function (stage 

Wise). 
[0036] Starting at step 1 of algorithm 160 With an initial 
base model Fo(x), Which is the background model, then for 
m:l, 2, . . . , M (step 2 of algorithm 160) the algorithm 160 
takes the folloWing three steps to adapt the base model to 
better ?t the adaptation data: (1) compute the residual of the 
current base model (step 3 of algorithm 160), (2) select the 
optimal basis function (step 4 of algorithm 160) that best ?ts 
the residual, and (3) update the base model by adding the 
optimal basis function (step 5 of algorithm 160). 
[0037] Implementation of these three steps Will noW be 
described, including modi?cations that may be made for the 
Web search ranking task. 
[0038] Compute the Residual 
[0039] Step 3 of algorithm 160 computes the residual of the 
current base model for each training sample yi'?/i—Fm_l(xl-), 
for iIl . . . N (y,', also referred to as a ranking error, may 

indicate a degree to Which the labeled relevance of xi varies 
from relevance of xi as computed by the current base model 
Fm_l). This estimates hoW many errors (measured in terms of 
the residual) the base model made on each training sample 
(note that the error is “counted” as an NDCG loss if the order 
of a pair of documents given a query is mistakenly sWapped, 
as de?ned in Equation (2)). If the loss function in Equation (3) 
is differentiable, the residual can be computed quickly as the 
negative gradient of the loss function With respect to the 
current base model. As discussed above, in one embodiment 
a goal is to directly optimiZe the model for NDCG, Whose 
gradient is approximated via the k-function. Thus, the gradi 
ent of each training sample With respect to the current base 
model is computed by marginaliZing the 7t-functions of all 
pairs of URLs of a query that contains it, computed as 
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/ 6G1 (5) 

y; _ JEJANDCG- E 

Where sy- is the difference in ranking scores of a pair URLs i 
and j of a query; CU:C(sl-j) is the cross entropy cost as de?ned 
in Equations (1) to (3) by Burges et al. (Burges, Shaked, 
RenshaW, LaZier, Deeds, Hamilton, Hullender, “Learning to 
Rank using Gradient Descent”, ICML, 2005); and ANDCG is 
the NDCG gain from swapping the tWo URLs. This 7t-func 
tion essentially uses the cross entropy cost to smooth the 
change in NDCG obtained by sWapping the tWo URLs. 
[0040] Select the Optimal Basis Function h 
[0041] Step 4 of algorithm 160 ?nds both the optimal basis 
function h, and its optimal coe?icient [3, that best ?ts the 
residual. It Was found that Least Squares (LS) may lead to an 
e?icient algorithm for model adaptation. Letting h and [3 
denote the optimal basis function and its optimal coe?icient, 
the squared-error loss on training data is computed as 

For each candidate h, its optimal coe?icient can be estimated 
by solving the equation 

N 

62 (y; — W 
[:1 

a3 0 

where y,‘ computed as Equation (5). Thus, [3 can be computed 
as 

N (6) 

Z we» 
[:1 

[ 1 

Then, given its optimal coe?icient [3, the optimal squared 
error loss ofh is 

N 2 (7) 

N [2 MW] [:1 

[0042] To de?ne the basis function h, consider the special 
case Where each basis function is a single feature (i.e., an 
element feature in the feature vector x). Notice, hoWever, that 
in the case of LambdaSMART, the basis function may be a 
decision tree, and the additive model is a non-linear model. 
Thus, the Boosting Algorithm can be regarded as a feature 
selection method Where at each iteration the gain of each 
feature is estimated (according to Equation (7)) With its opti 
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mal coe?icient (computed according to (6)), and then the 
feature With the largest gain is selected and added to the base 
model. As a result, the additive model is a linear model 
(except for the case Where the background model is nonlin 
ear). Experiments performed by the inventors revealed that in 
the Web search realm Where training data is usually noisy and 
perhaps very different from test data (because Web queries 
and pages can evolve dramatically), a linear additive model is 
robust, may have loW likelihood of over?tting, and may often 
outperform a tree-based additive model such as LambdaS 
MART. 
[0043] Base Model Update 
[0044] Step 5 of algorithm 160 updates the base model by 
adding the chosen optimal basis function With its optimal 
coe?icient. As shoWn in step 4 of algorithm 160 (selecting the 
optimal basis function), the optimal coe?icient of each can 
didate basis function is computed When the basis function is 
evaluated. HoWever, adding the basis function using its opti 
mal coe?icient is prone to be over?tting. A shrinkage param 
eter 0<v<1 (v:0.5 Was used experimentally), and the update 
equation in step 5 of algorithm 160 is thus reWritten as 

[0045] In addition to the use of a shrinkage parameter, 
another method to improve the robustness of the statistical 
model is to inject randomness into the basis function estima 
tion procedure. Speci?cally, at each iteration a subsample of 
the training data is draWn at random (Without replacement) 
from the full training data set, and similarly, a subsample of 
the features is draWn at random (Without replacement) from 
the full feature set. The smaller these subsamples, the more 
randomness is introduced. A sample rate of 0.7 for both 
training data sampling and feature sampling may be used. The 
tWo randomly selected subsamples are then used, instead of 
the full samples, to ?t the basis function and compute the 
model update for the current iteration. 
[0046] FIG. 4 shoWs another algorithm 180 for model adap 
tation using the Boosting Algorithm for model adaptation. 
Algorithm 180 is a version of algorithm 160 modi?ed as 
describe above. 
[0047] Local Linear Model Fitting 
[0048] Methods for speeding up algorithm 180 Will noW be 
explained. As described early, if it is assumed that h is a 
single-feature function, algorithm 180 is like a feature selec 
tion method Where the Weight of only one feature is updated 
at each iteration (line 6 of algorithm 180). NoW assume that h 
is a linear model in Which multiple features are linearly inter 
polated 

(10) 

Where is the j-th feature, and J>l 11:5 in experiments). 
Using the vector notation: h:W~f. FIG. 5 shoWs another algo 
rithm 200. At each iteration, the top J features, instead of the 
top-1 feature, are selected to form h, and then the Weight 
vector W is optimiZed by solving the linear system Which Will 
be described beloW. 
[0049] Let b be an N-dimensional vector of residuals Where 
each element bi, for iIl . . . N, is the residual of the i-th 
training sample. Let W be a J-dimensional Weight vector 
Where each element W], for jIl . . . J, is the j-th Weight in the 
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basis function h of Equation (10). Let A be a matrix of siZe (J, 
N) and N>J, Where each element ajl- is the value of j -th feature 
in i-th training sample. NoW, ?tting the linear model h to the 
residuals of training samples is equivalent to ?nding a least 
squares solution to the linear system AW:b. According to the 
least squares theorem, the solution W* is found by solving the 
normal equations 

(ATA)W*:ATb (11) 

NoW de?ne a square matrix A+:(ATA). If A+ is symmetric 
and positive de?nite, it can be decomposed into a pair of loWer 
and upper triangular factors via so-called Cholesky decom 
position, Which is e?icient. Speci?cally, Cholesky decompo 
sition constructs a loWer triangular matrix L Whose transpose 
LT can itself server as the upper triangular part. That is, 
replace Equation (1 l) by 

L LT: +:ATA (12) 

Then use the decomposition to solve the original normal 
equation system of Equation (1 l) as 

y ?rst solving for the vector y via forWard substitution such 
that 

L yIATb (14) 

and then solving for the vector W via backsubstitution such 
that 

[0050] Cholesky decomposition requires the matrix A+ to 
be symmetric and positive-de?nite. Experiments shoWed that 
in most cases the requirement is met. In the cases Where it 
does not, set 1:1 . That is, give up the local linear model ?tting, 
and back off to the original algorithm 180. 

[0051] 
[0052] To this point, it has been assumed that the basis 
function h is a single feature, or equivalently a linear term, 
thus the resulting base model is a linear model (except for the 
case Where the background model is nonlinear). A simple 
method that alloWs going beyond the linear model is to de?ne 
has a polynomial term of the inputs. For example, We have a 
quadratic model if h is de?ned as a product of tWo features, 
i.e., hIfi Notice that once the basis function has been 
determined, the additive expansion models of Equation (4) 
are linear in these neW basis functions, and the ?tting pro 
ceeds as before, e.g., as algorithm 180 and algorithm 200. 

[0053] HoWever, the number of basis functions groWs 
exponentially in the degree of the polynomial. A full qua 
dratic model in p inputting features may have O(p2) square 
and cross-product terms. For ef?ciency, one may only select 
p quadratic terms randomly from these p2 candidates as fol 
loWs. First, randomly shuf?e the list of p features tWice, and 
get tWo different shuffled lists. Then, form p quadratic basis 
functions as hffil fi2, iIl . . . p, Where fl.l and fl.2 are the i-th 
features in the ?rst and the second randomly shuffled lists, 
respectively. 
[0054] It Was also found, experimentally, that instead of 
?tting the model using a mixed set of linear and quadratic 
terms in one adaptation procedure (i.e., algorithm in FIGS. 2 
and 3), it may improve results When tWo separate model 
adaptation procedures are used that ?t the model using linear 
and quadratic basis functions respectively. That is, start With 
the base model using only the background model. Then the 
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base model is adapted using only linear basis functions. 
Finally, the updated base model is further adapted using qua 
dratic basis functions. 
[0055] Experiments also shoWed that instead of ?tting the 
model using a mixed set of linear and quadratic terms in one 
adaptation procedure (i.e., algorithm 180 and algorithm 200), 
better results are obtained When We used tWo separate model 
adaptation procedures that ?t the model using linear and 
quadratic basis functions respectively. That is, We start With 
the base model using only the background model. Then the 
base model is adapted using only linear basis functions. 
Finally, the updated base model is further adapted using qua 
dratic basis functions. 
[0056] Using Tree Basis Functions as Features 
[0057] Another method Which may alloW going beloW lin 
ear model is to de?ned has a decision tree. The algorithm is 
then like LambdaSMART. HoWever, the inventor’s experi 
ments have shoWn that LambdaSMART does not perform 
Well. There might be tWo reasons. First, trees are less robust to 
noise, either in the labels or in the features. Second, the 
per-tree Weights learned during the boosting algorithm (as 
shoWn in the algorithm 160) are learned in a greedy manner. 
That is, in the forWard stage-Wise manner of the boosting 
algorithm, these Weights are computed only once When the 
basis functions (i.e., the decision trees) are constructed. 
[0058] To address this, one solution is to use the tree-based 
boosting algorithm as a feature generator. That is, run the 
tree-based boosting algorithm as described above. But 
instead of using the resulting additive model as the adaptation 
ranking model directly, take the outputs of the trees as neW 
features, and then retrain a ranking model (e. g., a neW neural 
net model) on adaptation data using both the original features 
and the neWly generated tree features. 
[0059] This method may solve problems related to use of 
LambdaSMART as mentioned earlier. For the ?rst problem, 
the robustness of the models is believed to be due to hoW they 
are trained, and (for multi-layer neural net models) due to the 
averaging that is performed internally. The hope is that these 
bene?ts Will also hold for models trained on the tree features, 
improving the robustness of the trained system. For the sec 
ond problem, neural net training is not greedy, in the sense 
that the Weights are learned iteratively over many passes of 
the training data, so the learned value that a given Weight 
takes, depends on the learned values that the other Weights 
take. Furthermore, the model may be trained using Lamb 
daRank, Which has been shoWn to be empirically optimal for 
the cost function We are optimiZing. Finally, this Will result in 
higher accuracy for a given number of trees, or equivalently, 
higher speed for the same previous accuracy, and speed is 
paramount in Web search engines. 

Conclusion 

[0060] Embodiments and features discussed above can be 
realiZed in the form of information stored in volatile or non 
volatile computer or device readable media. This is deemed to 
include at least media such as optical storage (e. g., CD 
ROM), magnetic media, ?ash ROM, or any current or future 
means of storing digital information. The stored information 
can be in the form of machine executable instructions (e.g., 
compiled executable binary code), source code, bytecode, or 
any other information that can be used to enable or con?gure 
computing devices to perform the various embodiments dis 
cussed above. This is also deemed to include at least volatile 
memory such as RAM and/or virtual memory storing infor 
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mation such as CPU instructions during execution of a pro 
gram carrying out an embodiment, as Well as non-volatile 
media storing information that alloWs a program or execut 
able to be loaded and executed. The embodiments and fea 
tures can be performed on any type of computing device, 
including portable devices, Workstations, servers, mobile 
Wireless devices, and so on. The computing devices may 
implement the embodiments individually or cooperatively/ 
distributitatively. 

1. A computer-implemented method for ranking docu 
ments that match a query, the method comprising: 

accessing a background ranking model stored on a com 
puter-readable storage media, the background ranking 
model having been, before the method is performed, 
trained With background training data comprising dif 
ferent document-query pairings in an arbitrary search 
domain, each document-query pairing having a human 
generated label indicated a human-perceived measure of 
relevance of the corresponding background document to 
the corresponding background query; 

passing the background ranking model and domain-spe 
ci?c labeled training data to a trainer adaptor, the 
domain-speci?c labeled training data comprising docu 
ment-query pairings in a speci?c search domain, each 
domain-speci?c document-query pairing having a 
human-generated label indicating a human-perceived 
measure of relevance of the corresponding domain-spe 
ci?c document to the corresponding domain-speci?c 
query, the trainer adaptor performing an adaptation pro 
cess on the background model to adapt the background 
model to a neW ranking model comprising a domain 
speci?c adaption model, the domain-speci?c adaptation 
model having been trained according to the domain 
speci?c training data, the adaptation process compris 
ing: 

initially set a current base model to be the background 
model performing a series of iterations, each iteration 
comprising: 
computing a residual of the current base model based on 

the labels of the domain-speci?c training data and 
rankings of respective feature vectors by the current 
base model, 

selecting an optimal basis function that is determined to 
?t the residual, 

updating the current base model by adding the selected 
optimal basis function to the current base model, and 

perform a next iteration With the updated current base 
model; 

When the iterations are ?nished, the domain-speci?c adap 
tation model comprises the iteratively-re?ned current 
base model; and 

using the adaptation model in a search engine server to rank 
documents for queries. 

2. A method according to claim 1, Wherein the computing 
a residual of the current base model at any given iteration 
comprises estimating hoW many errors the base model made 
on each training sample for the given iteration. 

3. A method according to claim 2, Wherein the estimating 
hoW many errors the base model made is performed using a 
negative gradient of a loss function With respect to the current 
base model. 

4. A method according to claim 1, Wherein the current base 
model is optimiZed for the normalized discounted cumulative 
gain (N DCG) function. 
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5. A method according to claim 1, Wherein the optimal 
basis function is selected by treating the basis function as a 
single document-query-pair feature corresponding to a fea 
ture in a feature vector of a training document. 

6. A method according to claim 1, further comprising using 
the Boosting Algorithm to select among the features of a 
feature vector a feature that results in the largest optimiZation 
gain and using the selected feature as the selected optimal 
basis function. 

7. A method according to claim 1, Wherein the adding the 
selected optimal basis function to the current base model 
comprises scaling the optimal basis function by a real-value 
factor. 

8. A method according to claim 1, Wherein the domain 
speci?c training data used to compute the residual comprises 
a random subsample of the domain-speci?c training data. 

9. One or more computer-readable storage medium storing 
information con?gured to enable a computing device to per 
form a process of generating and storing an adaptation rank 
ing model that outputs ranks of documents that match a query, 
the process comprising: 

receiving, in electronic form, a background ranking model 
having been trained in advance With background train 
ing data comprising different document-query pairings 
and respective relevancy labels; 

receiving, in electronic form, a training data set comprising 
samples, each sample comprising a feature vector, a 
query, and a label indicating a relevance of the feature 
vector to the query; 

using the Boosting Algorithm to perform a model adapta 
tion procedure on the background ranking model to 
adapt the background ranking model to an adaptation 
ranking model, the procedure comprising initially using 
the background ranking model as a current version of the 
adaption model, and iteratively re?ning the current ver 
sion of the adaptation model by: 
computing a ranking error for each, each sample based 
on (i) the label of the sample, and (ii) an output of 
applying the current version of the adaptation model 
to the sample’s feature vector, 

selecting a basis function determined to minimize an 
error loss on the training data, the error loss being a 
function of both the ranking errors and the basis func 
tion, 

determining a neW version of the adaption model as a 
function of both the current version of the adaption 
model and the selected basis function, 

using the neW version of the adaption model as the 
current version of the adaption model, and 

repeating the computing, selecting, and determining; 
and 

storing on computer-readable media a ?nal version of the 
adaption model resulting from completion of the itera 
tive re?nement. 

10. One or more computer-readable storage media accord 
ing to claim 9, the process further comprising providing the 
?nal version of the adaption model to a server executing a 
search engine for searching documents according to user 
submitted queries, and returning to users documents ranked at 
least in part according to the ?nal version of the adaptation 
model. 
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11. One or more computer-readable storage media accord 
ing to claim 9, wherein the basis function has an optimal 
coe?icient that optimally ?ts a residual comprising a total of 
the ranking errors. 

12. One or more computer-readable storage media accord 
ing to claim 11, Wherein the optimal coe?icient is compute as 
a function of ranking errors and the basis function applied to 
the feature vectors of the training data. 

13. One or more computer-readable storage media accord 
ing to claim 9, Wherein the training data used to select the 
optimal basis function comprises a sub-set of the samples of 
the training data, and the process further comprises selecting 
a number of top-ranked features according to the sub-set of 
the samples. 

14. One or more computer-readable storage media accord 
ing to claim 13, Wherein a coe?icient is computed as a func 
tion of the ranking errors and the basis function, and the 
optimal basis function is computed as a squared-error loss 
based at least in part on the coe?icient. 

15.A server device comprising a computer hosting a search 
engine that uses an adaption model to rank documents in a 
search domain corresponding to a search domain of a query 
received by the computer server, the adaptation model being 
stored on the server device or another server device commu 

nicating With the server device, the adaptation model having 
been derived by a model adaptation process comprising: 

receiving a trained background model that Was trained 
before performance of the process With labeled training 
data, the background model having been used to rank 
documents searched and found to match queries; 
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When starting a process for iteratively re?ning a base 
model, using the background model as the initial base 
model; 

iteratively re?ning the base model by repeatedly comput 
ing a residual error of the base model as applied to 
labeled training data, repeatedly computing a basis func 
tion that minimiZes a difference betWeen the residual 
error and the basis function as applied to the training 
data, and repeatedly updating the base model according 
to the computed basis function. 

16. A server device according to claim 15, Wherein the 
basis function comprises a decision tree. 

17. A server device according to claim 16, Wherein the 
process further comprises taking outputs of the trees as neW 
features, and then retraining a ranking model, Which com 
prises a neW neural net model, on adaptation data using both 
the original features and neWly generated tree features. 

18. A server device according to claim 17, Wherein Lamb 
daSMART is used as a tree feature generator. 

19. A server device according to claim 15, Wherein the 
basis function is combined With the base model in a Way that 
reduces a magnitude of the basis function that is combined 
With the base model. 

20. A server device according to claim 19, Wherein local 
linear model ?tting is used to increase the speed of the itera 
tive re?ning, and the ?tting is performed With Cholesky 
decomposition. 


